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Abstract
The parental feeding practices (PFPs) of excessive restriction of food intake (‘restriction’)
and pressure to increase food consumption (‘pressure’) have been argued to causally influ-
ence child weight in opposite directions (high restriction causing overweight; high pressure
causing underweight). However child weight could also ‘elicit’ PFPs. A novel approach is to
investigate gene-environment correlation between child genetic influences on BMI and
PFPs. Genome-wide polygenic scores (GPS) combining BMI-associated variants were cre-
ated for 10,346 children (including 3,320 DZ twin pairs) from the Twins Early Development
Study using results from an independent genome-wide association study meta-analysis.
Parental ‘restriction’ and ‘pressure’ were assessed using the Child Feeding Questionnaire.
Child BMI standard deviation scores (BMI-SDS) were calculated from children’s height and
weight at age 10. Linear regression and fixed family effect models were used to test
between- (n = 4,445 individuals) and within-family (n = 2,164 DZ pairs) associations
between the GPS and PFPs. In addition, we performed multivariate twin analyses (n =
4,375 twin pairs) to estimate the heritabilities of PFPs and the genetic correlations between
BMI-SDS and PFPs. The GPS was correlated with BMI-SDS (β = 0.20, p = 2.41x10-38).
Consistent with the gene-environment correlation hypothesis, child BMI GPS was positively
associated with ‘restriction’ (β = 0.05, p = 4.19x10-4), and negatively associated with ‘pres-
sure’ (β = -0.08, p = 2.70x10-7). These results remained consistent after controlling for
parental BMI, and after controlling for overall family contributions (within-family analyses).
Heritabilities for ‘restriction’ (43% [40–47%]) and ‘pressure’ (54% [50–59%]) were moder-
ate-to-high. Twin-based genetic correlations were moderate and positive between BMI-SDS
and ‘restriction’ (rA = 0.28 [0.23–0.32]), and substantial and negative between BMI-SDS and
‘pressure’ (rA = -0.48 [-0.52 - -0.44]. Results suggest that the degree to which parents limit
or encourage children’s food intake is partly influenced by children’s genetic predispositions
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to higher or lower BMI. These findings point to an evocative gene-environment correlation in
which heritable characteristics in the child elicit parental feeding behaviour.
Author summary
It is widely believed that parents influence their child’s BMI via certain feeding practices.
For example, rigid restriction has been argued to cause overweight, and pressuring to eat
to cause underweight. However, recent longitudinal research has not supported this
model. An alternative hypothesis is that child BMI, which has a strong genetic basis,
evokes parental feeding practices (‘gene-environment correlation’). To test this, we
applied two genetic methods in a large sample of 10-year-old children from the Twins
Early Development Study: a polygenic score analysis (DNA-based score of common
genetic variants associated with BMI in genome-wide meta-analyses), and a twin analysis
(comparing resemblance between identical and non-identical twin pairs). Polygenic
scores correlated positively with parental restriction of food intake (‘restriction’; β = 0.05,
p = 4.19x10-4), and negatively with parental pressure to increase food intake (‘pressure’; β
= -0.08, p = 2.70x10-7). Associations were unchanged after controlling for all genetic and
environmental effects shared within families. Results from twin analyses were consistent.
‘Restriction’ (43%) and ‘pressure’ (54%) were substantially heritable, and a positive genetic
correlation between child BMI and ‘restriction’ (rA = 0.28), and negative genetic correla-
tion between child BMI and ‘pressure’ (rA = -0.48) emerged. These findings challenge the
prevailing view that parental behaviours are the sole cause of child BMI by supporting an
alternate hypothesis that child BMI also causes parental feeding behaviour.
Introduction
The home and family environment has been studied for decades with the assumption that it is
a crucial determinant of children’s health and development. Since the onset of the childhood
obesity crisis at the turn of the century, the spotlight has turned onto environmental factors
associated with variation in adiposity, in the hope that modifiable elements may be identified
as intervention targets. Perhaps unsurprisingly, parental behaviours have received a great deal
of attention. Parents are widely considered to be the ‘gatekeepers’ to their children’s food, and
powerful shapers of their developing eating behaviour[1–3]. Two types of parental feeding
practices (PFPs) in particular have been hypothesised to play a causal role in children’s ability
to develop good self-regulation of food intake and consequently determine their weight. Exces-
sive restriction of the type and amount of food a child is allowed to eat (‘restriction’) has been
hypothesised to lead to overeating when parental restriction is no longer in place, because the
child will potentially then hanker after the foods he or she is not usually allowed to eat–the so-
called ‘forbidden fruit effect’[1,4,5]. On the other hand, overly pressuring a child to eat, or to
finish everything on the plate (‘pressure’), is thought to be anxiety-provoking for a child with a
poor appetite, and serves only to increase undereating further, and compromise weight gain
[6,7].
A wealth of cross-sectional findings are consistent with these hypotheses[8], but another
plausible explanation for the observed correlations is that parents are responding to their
child’s emerging characteristics, not simply causing them. Parents may only adopt restrictive
strategies when a child shows a tendency toward overeating, or gains excessive weight; and
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they may pressure their child to eat only if he or she is a poor eater, or has underweight. The
few longitudinal studies testing bidirectionality have shown that children’s weight prospec-
tively predicts PFPs[9–13]. Furthermore, three studies showed no prospective association
from PFPs to child weight[10], and the studies reporting bidirectional relationships found
stronger associations from child weight to parental behaviour than the reverse direction[9,11].
Although these findings point towards children’s weight eliciting PFPs, the possibility of resid-
ual confounding in observational studies hinders conclusions about causation–temporality
does not necessarily mean causality.
Testing whether children genuinely cause their parents’ behaviour presents challenges. It is
not possible–practically or ethically–to randomise children to have overweight or under-
weight, and examine how parents respond. Genetic approaches provide a powerful alternative
method of interrogating the role of children in causing their parents’ behaviour towards them,
especially for child characteristics with an established genetic basis. To date, no study has
applied genetically sensitive methods to test for gene-environment correlation in parental
feeding behaviour. Family and twin studies have shown that Body Mass Index (BMI), is highly
heritable in both adulthood and late childhood (~70%)[14–16]. Twin designs can also be used
to test if parental behaviour has a heritable component, by comparing within-pair resemblance
for identical and fraternal twin pairs in childhood. If found, this indicates that parental behav-
iour is explained to some extent by variation in children’s genotype–termed evocative gene-
environment correlation[17]. Twin designs can also be extended to the analysis of multiple
variables to establish if genetic influence on a particular child characteristic (e.g. weight) also
predicts the parental behaviour of interest (e.g. PFPs). If such analyses show that a child char-
acteristic is genetically correlated with parenting traits, it indicates that these child characteris-
tics influence parenting behaviours. A meta-analysis of 32 twin studies of different types of
parenting behaviour reported an average heritability estimate of 24%, indicating that children’s
genotype is predictive of a moderate amount of variation in parental behaviour[18].
Children’s DNA can also be used to test for gene-environment correlation. Genome-wide
meta-analyses have made great progress in identifying common single nucleotide polymor-
phisms (SNPs) that are associated with body mass index (BMI) in adults and children[19].
These can be combined to calculate a genome-wide polygenic score (GPS) that indexes indi-
vidual-specific propensity to higher or lower BMI, along a continuum, although in the aggre-
gate the GPS explains only a small proportion of variance in BMI (approximately 3%)[20].
Nevertheless, children’s BMI GPS can therefore be used to test the hypothesis that parents
develop their feeding practices specifically in response to their child’s weight, as indicated by a
correlation between child BMI GPS and PFPs. A caveat to this is that a parent’s feeding prac-
tices may reflect their own genetic predisposition to be of a higher or lower BMI, rather than
that of their children. In this way, a correlation between child BMI GPS and PFPs may simply
reflect a child’s genetic predisposition to be of a higher or lower BMI, which they inherit from
their parent with whom they share 50% of their DNA. In addition, genetic effects related to
adult BMI discovered in genome-wide association studies could potentially incorporate effects
of PFPs if they were to causally influence child BMI, and its trajectory into adulthood. How-
ever, within-family designs can circumvent both of these limitations to some extent. Studying
variation in PFPs according to variation in BMI GPS within non-identical co-twins accounts
for both genetic and environmental shared effects within families (e.g. parental genetic predis-
position to be of higher or lower BMI). By applying both quantitative and molecular genetic
methods, and utilising statistical approaches to account for shared family effects, we intended
to address the various limitations presented by the individual methods.
The goals of this study were to test for gene-environment correlation between children’s
BMI and PFPs, using a twin design and a BMI GPS. We hypothesised that: (i) children’s BMI
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GPS would be positively associated with parental restriction and negatively associated with
parental pressure, even after accounting for shared genetic and environmental family influ-
ences; and (ii) parental restriction and parental pressure would be moderately heritable, and




Child BMI-SDS was significantly positively correlated with ‘restriction’ (β = 0.19, t(4004) =
12.09, p = 4.45x10-33, R2 = 0.035), such that parents were more restrictive over their child’s
food intake if the child had a higher BMI. In contrast, child BMI-SDS was significantly nega-
tively correlated with ‘pressure’ (β = -0.24, t(4058) = -15.59, p = 3.14x10-53, R2 = 0.056), such
that parents exerted higher amounts of pressure on their child to eat, if their child was leaner.
‘Restriction’ and ‘pressure’ were significantly positively correlated (β = 0.15, t(4207) = 9.51,
p = 3.08x10-21, R2 = 0.021), suggesting that parents who tend to exert higher levels of ‘restric-
tion’ also exert a more pressuring feeding style, to some extent.
Genome-wide polygenic score (GPS) analyses
In our sample of unrelated individuals, child BMI GPS was positively correlated with child
BMI-SDS (β = 0.20, t(4226) = 13.08, p = 2.41x10-38, R2 = 0.039). Mirroring phenotypic results
for child BMI-SDS, children’s BMI GPS was significantly positively correlated with ‘restriction’
(β = 0.05, t(4255) = 3.53, p = 4.19x10-4, R2 = 0.003), and significantly negatively correlated with
‘pressure’ (β = -0.08, t(4315) = -5.15, p = 2.70x10-7, R2 = 0.006) (Fig 1). These findings indicate
Fig 1. The associations between child BMI polygenic score and parental feeding practices. Child BMI GPS
predicting standardized measures of parental ‘restriction’ (β = 0.05, p = 4.19x10-4) and parental ‘pressure’ (β = -0.08,
p = 2.70x10-7) as indicated by the best-fit regression lines. The grey areas surrounding the best-fit lines represent
standard errors of the prediction estimates. The histogram depicts the BMI GPS normal distribution.
https://doi.org/10.1371/journal.pgen.1007757.g001
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that children’s genetic predisposition to higher BMI, elicits, to some extent, restrictive feeding
behaviours in the parent; whereas children’s genetic predisposition to lower BMI elicits greater
pressure to eat by parents.
Parental BMI correlated positively with child BMI-SDS (β = 0.26, t(3761) = 17.00,
p = 1.57x10-62, R2 = 0.071) and ‘restriction’ (β = 0.08, t(3711) = 4.64, p = 3.65x10-6, R2 = 0.005),
but was not significantly associated with ‘pressure’ (β = -0.03, t(3757) = -1.68, p = 0.09, R2<
0.001). The magnitude and direction of effects remained identical after controlling for parental
BMI in ‘restriction’ (β = 0.05, t(3711) = 2.92, p = 3.48x10-3, R2 = 0.003) and in ‘pressure’ (β =
-0.08, t(3757) = -4.62, p = 3.97x10-6, R2 = 0.005).
Within-family analysis
To establish the association between children’s BMI GPS and PFPs entirely without confound-
ing by genetic and environmental family factors shared by twin pairs, we performed family
fixed-effect analyses in dizygotic (DZ) co-twins. This analysis examined the extent to which
parents vary their ‘restriction’ and ‘pressure’ across twin pairs in response to differences in
their BMI GPS. As shown in Fig 2, beta coefficients for BMI GPS predicting PFPs remained
largely stable when comparing unrelated individuals (Model 1) and DZ twin pairs (Model 2).
For unrelated individuals (Model 1) child BMI-SDS significantly positively predicted ‘restric-
tion’ and significantly negatively predicted ‘pressure’, as previously reported. The magnitude
of the within-family estimates for the combined (same-sex and opposite-sex) DZ co-twins
(Model 2) were virtually the same as those for the unrelated individuals for the relationships
between BMI GPS and ‘restriction’ (t(2054) = 3.50, p = 7.10x10-3, Adj. R2model = 0.724) and
BMI GPS and ‘pressure’ (t(2103) = -4.82, p = 1.52x10-6, Adj. R2model = 0.641) (R2 magnitudes
for Model 2 are large because all shared factors among family members, including genetic and
environmental influences, are accounted for). These findings indicate that even when shared
family effects are completely accounted for, children’s BMI GPS is significantly associated with
PFPs, providing additional evidence that children’s genetic predisposition to BMI evokes cer-
tain parental feeding responses. When repeating Model 2 analyses separately for same-sex and
opposite-sex DZs, magnitudes of effect sizes (Fig 2) remained consistent for the prediction of
‘pressure’ in same-sex DZ pairs (t(1118) = -3.36, p = 8.02x10-4, Adj. R2model = 0.607) and oppo-
site-sex DZ pairs (t(984) = -3.49, p = 5.12x10-4, Adj. R2model = 0.678). Although BMI GPS in
opposite-sex DZs was a significant predictor of within-family differences in ‘restriction’ (t
(966) = 3.76, p = 1.82x10-4, Adj. R2model = 0.731), same-sex DZ data did not show a significant
within-family association (t(1087) = 1.21, p = 0.23, Adj. R2model = 0.719), indicating that within
a family environment, GPS differences in BMI between same-sex DZ twins are not related to
differences in parental ‘restriction’.
Twin analysis
We performed multivariate genetic analyses (a correlated factors model) to establish the heri-
tability of ‘restriction’ and ‘pressure’ and to test the extent to which genetic influence on child
BMI-SDS elicited PFPs as indicated by the magnitude of genetic correlations between BMI,
‘restriction’, and ‘pressure’. Fig 3 shows the variance components (A, C and E) for each mea-
sured phenotype, as well as the genetic, shared environmental and non-shared environmental
correlations between phenotypes derived from the correlated factors model (see Supplemen-
tary S1 Table for fit statistics and model comparisons, and Supplementary S2 Table for intra-
class correlations). Heritability estimates (A) were moderate to high for parental ‘restriction’
(43%, 95% CI [40%, 47%]) and parental ‘pressure’ (54%, 95% CI [50%, 59%]); heritability of
child BMI-SDS was high (78%, 95% CI [72%, 84%]). Consistent with the findings from the
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GPS analyses, there was a significant, positive moderately sized genetic correlation between
child BMI-SDS and parental ‘restriction’ (rA = 0.28, 95% CI [0.23, 0.32]), indicating that some
of the genetic effects that predispose a child to a higher BMI also elicit more food restriction by
their parent. A sizeable significant negative genetic correlation was observed between child
BMI-SDS and parental ‘pressure’ (rA = -0.48, 95% CI [-0.52, -0.44]), indicating that many of
the genetic effects that predispose a child to a lower BMI elicit greater parental pressure on the
child to eat.
Monozygotic (MZ) twin discordance analysis
As shown in the twin analyses (Fig 3 and Supplementary S3 Table), variation in child BMI-SDS
is partly caused by non-shared environmental influences, which correlate significantly with
non-shared environmental influences for ‘restriction’ (rE = 0.20) and ‘pressure’ (rE = -0.29).
We therefore performed MZ twin difference analyses to examine these relationships more
closely. In contrast to child BMI-SDS MZ difference scores, most twins did not differ in their
PFP (Supplementary S1 Fig). Nevertheless, we found that child BMI-SDS difference scores
Fig 2. Contrasting results from between-family analyses to results from within-family analyses. Model 1 describes results using BMI GPS of unrelated
individuals to predict PFPs, where βGPS indicates the change in the outcome trait per one standard deviation increase in the BMI GPS. Model 2 summarises results
using BMI genome-wide polygenic scores in a sample of DZ co-twins using a family fixed-effects model, where βGPS indicates the increase in PFPs within DZ
pairs, per one standard deviation increase in BMI GPS within DZ pairs. Model 2 analyses were performed using the combined DZ sample, and same-sex DZ pairs
and opposite-sex DZ pairs only. The dotted lines represent the beta coefficient estimates for Model 1. � = p<0.05; �� = p<0.01; ��� = p<0.001.
https://doi.org/10.1371/journal.pgen.1007757.g002
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predicted both differences in ‘restriction’ (β = 0.14, t(1484) = 7.98, p = 2.88x10-15, R2 = 0.041)
and ‘pressure’ (β = -0.25, t(1498) = -12.26, p = 5.12x10-33, R2 = 0.09). These findings suggest
that there are common non-shared environmental sources of variance for both PFP and child
BMI; within identical twin pairs who share 100% of their genetic and shared environmental
influence, parents apply more restrictive feeding practices on the twin with the higher BMI,
and more pressuring feeding practices on the twin with the lower BMI score.
Discussion
Summary of findings
We describe the first study to test for gene-environment correlation for parental feeding
behaviour in relation to child weight, using a twin design and children’s DNA. Results support
our hypothesis that parents’ feeding practices are evoked, in part, by their children. Parental
‘restriction’ and ‘pressure’ were positively and negatively associated with child BMI respec-
tively, in keeping with many previous cross-sectional studies[8]. We applied novel genetic
methods to show, for the first time, that children’s BMI GPS was significantly positively associ-
ated with ‘restriction’ and negatively associated with ‘pressure’, even after accounting for the
potentially confounding shared familial effects (both genetic and environmental). This
Fig 3. The correlated factors model. A correlated factors model (males and females combined) showing: (i) the
genetic (A), shared environmental (C) and non-shared environmental (E) influences on child BMI SDS, parental
restriction and pressure; and (ii) common genetic (rA), shared environmental (rC) and non-shared environmental (rE)
correlations between child BMI, and parental restriction and pressure. Grey arrows indicate non-significant
associations. Correlations including the 95% confidence intervals can be found in Supplementary S3 Table.
https://doi.org/10.1371/journal.pgen.1007757.g003
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suggests that children’s genetic influence on weight explains part of the observed phenotypic
associations. Our twin analysis provided quantitative estimates of the total variance in parental
feeding practices explained by children’s genotype. Heritability was substantial for both
‘restriction’ (43%) and ‘pressure’ (54%), indicating that children’s genes explain about half of
the variation in parental feeding behaviour. Multivariate twin analysis established the extent to
which parental feeding behaviour was determined by children’s genetic influence on BMI spe-
cifically. The genetic correlations between children’s BMI and both ‘restriction’ (rA = 0.28) and
pressure (rA = -0.48) were moderate, indicating overlap between the genes that influence
parental feeding behaviour and children’s BMI.
A potential confounder of the association between child GPS and parental feeding behav-
iour, was the parent’s own genetic propensity to a higher or lower BMI. Children inherit half
of each of their parents’ genetic material, so the expected correlation between a child’s GPS
with that of their parent’s is 0.50. A parent’s genetic predisposition to be of a higher or lower
BMI may also influence the way they feed their children, which could introduce a passive
(rather than ‘evocative’) gene-environment correlation. For example, a parent with a higher
BMI may be more restrictive over their child’s food intake, but their child also inherits their
parent’s susceptibility to be of a higher BMI. Restrictive feeding may therefore simply be a
marker for a child’s genetic predisposition to be of a higher BMI that is transmitted to them by
their parent, rather than a causal risk factor (the same could be true for a more pressuring feed-
ing style and lower BMI). In line with this, parental BMI (indexing parental GPS) was signifi-
cantly positively associated with parental restriction indicating that parents of a higher weight
exert greater restriction over their children’s food intake (β = 0.08); although the association
with parental pressure was not significant. Adjustment for parental BMI did not attenuate the
associations between child GPS and either restriction or pressure, suggesting it was not con-
founding the relationship between parental feeding behaviour and child BMI GPS. Neverthe-
less, adjustment for parental BMI cannot completely remove confounding from parental BMI,
nor can it account for the potential effect of longer-term BMI on parental feeding behaviours.
However, in order to rule out confounding by any parental characteristics (both genetic and
environmental), we took advantage of a family fixed-effect design, which held the effects of
family constant while testing the association between the child BMI GPS and parental feeding
practices in DZ co-twins. The within-family analysis allowed us to demonstrate that even after
accounting for all genetic and environmental familial effects, parents vary their feeding behav-
iour for each child depending on their GPS–larger GPS differences between pairs were associ-
ated with more pronounced differences in parental feeding behaviour. The magnitudes of the
between- and within-family associations between parental feeding behaviour and child GPS
were virtually the same, with the exception of the relationship between child GPS and ‘restric-
tion’ in same-sex twins, strengthening the evidence that children evoke parental responses
based on their genetic predispositions for BMI. Nevertheless, as expected, and consistent with
the small amount of variance explained in BMI by the GPS, the size of the associations between
the BMI GPS and PFPs were small.
Other relevant research
The findings from this study accord with those from twin studies of many other types of par-
enting behaviours that have also tended to show moderate heritability. A meta-analysis of 32
child twin studies on maternal positivity, negativity, affect and control in relation to parenting
showed an average heritability of 24%[18], indicating widespread, child-driven genetic influ-
ences on parental behaviour. The heritability estimates for ‘restriction’ (43%) and ‘pressure’
(54%) were somewhat higher than the average heritability estimate for the parenting styles
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considered in the meta-analysis (24%), but in keeping with the magnitude of the heritability of
negative parenting styles observed across early childhood (~55%)[21].
In addition to providing evidence for gene-environment correlation, results from the MZ
discordance design also indicated that non-shared environmental influences for child BMI
and PFPs are correlated as well. This suggests that child BMI and PFPs are also related due to
common non-shared environmental influences. However, the MZ discordance design was not
able to shed light on the causal direction–i.e. if child BMI causes PFPs or if PFPs cause child
BMI–because our variables were measured at the same time. The few prospective studies that
have attempted to establish the cause-effect relationship in the parent-child dynamic using
bidirectional analyses have suggested either only a small effect of restriction and/or pressure
on child weight, or none[9–11,13]. Prospective studies therefore suggest that PFPs may be less
important than is commonly assumed. The well-established strong genetic influence on chil-
dren’s weight–in the order of 70–80%[15,16]–also supports the hypothesis that parents influ-
ence child weight via genetic inheritance more than by creating an ‘obesogenic’ family
environment. However, it cannot be ruled out that genetic effects related to BMI in the parents
also contribute to an obesogenic environment if gene-environment correlation was at play,
further passively reinforcing the child’s inherited genetic propensities. The shared environ-
mental influence on BMI in late childhood is also low[15,16]. In the current study, the shared
environmental influence on parental feeding behaviour was the proportion of variance that
was common to both twins in a pair (invariant within families). It therefore likely reflects vari-
ation in feeding behaviour that was parent-driven rather than child-directed. These estimates
indicated that a substantial proportion of variation in both ‘restriction’ (C = 43%) and ‘pres-
sure’ (C = 37%) also originated in the parent.
Experimental studies in the form of large well-designed randomised controlled trials (RCTs)
are needed to truly test the hypothesis that PFPs causally modify children’s weight gain trajecto-
ries. Very few of these have been conducted to date, and they have focused on the preschool
years. Nevertheless, two landmark studies have indicated that parental behaviour may, in fact,
be influential in early life. NOURISH[22] was an Australian RCT that randomised 352 parents
and infants to receive a feeding intervention (including using low amounts of pressure, and
employing child-responsive methods of food restriction) during the period of complementary
feeding; 346 families were randomised to the standard care control group. At three to four years
of age, children in the intervention group had better appetite control than those in the control
group, and there were fewer children with overweight; although this did not reach statistical sig-
nificance[23]. INSIGHT[24], a US RCT, randomised 145 new mothers to a responsive parent-
ing intervention that focused on feeding infants only in response to their hunger and satiety
signals (but neither pressuring nor restricting their milk and food intake), during milk-feeding
and complementary feeding; 145 mothers were randomised to a control group. At one year sig-
nificantly fewer infants in the intervention group had overweight (6%) compared to the control
group (13%). These RCTs indicate that parental feeding behaviour can modify young children’s
eating behaviour and weight gain. However, these studies were conducted in infants and young
preschool children so it is unclear whether these findings are generalisable to older children.
The genetic correlations between children’s BMI and parental feeding behaviour were mod-
est, and were far from complete (i.e. less than 1.0), indicating that other genetically-determined
child characteristics are also influencing parental feeding behaviour. Children’s appetite is
under strong genetic control; twin studies–including this sample–have shown high heritability
for appetite[25,26] and shared heritability with BMI[27]. Appetite is associated with the BMI
GPS in this sample and has been shown to mediate part of the GPS-BMI association[28]. It is
therefore likely that child appetite also influences parental feeding behaviour[25,26]. In sup-
port of this, prospective and within-family studies have provided evidence that within the
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context of parental feeding, parents respond not only to their child’s weight but also to their
eating styles. A large prospective population-based study used bidirectional analyses to show
that parents whose children were excessively fussy at baseline increased their pressure over
time[29]. A reverse relationship also pertained, but the temporal association from child to par-
ent was stronger. A large within-family study of preschool twins showed that parents varied
their pressuring feeding style when their twins were discordant for food fussiness[30]. The
fussier twin was pressured more than their co-twin, also in support of a child-driven model of
parental feeding behaviour. It stands to reason that a child who is a picky eater is pressured to
try some of their vegetables or to eat more overall. Along the same lines, a natural response
from a parent who has a child who shows a tendency toward excess intake and a relatively pro-
nounced preference for foods rich in sugar or fat, is to enforce some restriction.
We also found a positive phenotypic correlation between ‘restriction’ and ‘pressure’ (β = 0.15),
indicating that parents who exert higher levels of restriction on their children also tend to pres-
sure them more. This suggests that some parents have a more controlling feeding style in general.
Implications and future research
The relationship between parental behaviour and children’s emerging characteristics appears
to be reciprocal and complex. The current findings suggest that parents’ natural feeding
responses to child weight are to exert greater restriction of food intake on children with a
higher BMI, and to pressure a thinner child to eat. However, these strategies may not be effec-
tive in the long run. RCTs have suggested that PFPs can have a lasting and important impact
on children’s weight and eating behaviour in the early years, although whether or not these
findings apply to older children has yet to be determined. It is well established that genetic
influence on BMI in younger children is lower, and the shared environmental effect is higher,
than it is in older children[15,16]. This suggests that parental influence diminishes as children
grow older, gain independence and spend increasing time outside the home with peers rather
than parents[31]. Large RCTs that follow children from early life to later childhood are needed
to establish if PFPs influence the weight of older children.
Strengths & limitations
A strength of this study is that we used several genetically sensitive methodological approaches
to explore the directionality of relationships between child BMI and PFPs, yielding consistent
results. PFPs were measured using the Child Feeding Questionnaire, which has well estab-
lished criterion and construct validity, as well as good internal and test-retest reliability[32].
This instrument has been used widely in previous research into child weight, allowing the find-
ings from this study to be directly compared to a wealth of existing results.
A potential limitation is that heritability estimates from twin studies rely on the assumption
that MZs and DZs share their environment in terms of the trait in question to the same extent,
so-called the ‘equal environments assumption’; if this is violated, the findings are invalid.
Therefore if parents feed MZs more similarly than DZs simply because they are identical, this
would artificially inflate the MZ correlation and, consequently, heritability. However, if MZs
are fed more similarly than DZs because parents are responding to their genetically deter-
mined BMI or traits that share genetic influence with BMI such as appetite, differences in feed-
ing experience across MZs and DZs do not constitute a violation of the equal environments
assumption because these differences in feeding practices are being driven by greater genetic
similarity between MZs than DZs. In addition, if parents’ reports of how similarly they fed
their twins were biased by their perceived zygosity (i.e. reported treatment was not a true
reflection of actual treatment, but related to the twins being MZ or DZ), this would also render
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the heritability estimates unreliable. However, this seems unlikely given previous findings that
parents’ reports about their twins’ are not biased by their beliefs about their zygosity, using the
‘mistaken zygosity’ design[33].
Another limitation was the lack of parental genotypes assessments. Parental BMI is by no
means a perfect proxy for their genotypic predisposition to higher or lower BMI; the most
powerful approach would be to have parental genotypes whereby the non-transmitted alleles
from the parents (which relate to their own BMI and behaviour, but not to that of their child)
can be entirely separated from the child’s genotype[34]. Nevertheless, the within-family analy-
sis controlled for all family-level genetic and environmental effects, and the magnitudes of the
relationships between child BMI and PFPs were unaffected. A further limitation is that we
were unable to validate self-reported parental BMI, which may have been inaccurate and could
potentially bias our results. Additionally, it may be possible that PFPs are largely explained by
environmental factors that influence children’s BMI. As the BMI GPS is not yet strong enough
to be a sufficient proxy to separate genetic and environmental effects on child BMI, we were
unable to test this question empirically. However, considerable genetic correlations between
child BMI and PFPs derived from the twin model renders this explanation unlikely. Lastly,
BMI was only reported at one time point, but PFPs are likely to be driven by the child’s emerg-
ing BMI throughout the developmental years. However, BMI-associated SNPs and BMI GPS
are associated with weight gain trajectories from infancy throughout childhood, so the BMI
GPS in fact captures a long window of child BMI[14,35].
Conclusion
This study provides new evidence for gene-environment correlation in parental feeding prac-
tices. We have shown that parental feeding practices are substantially heritable and appear to
be partly elicited by the common genetic variants that influence children’s BMI. Genome-wide
polygenic scores that index children’s genetic propensities for their BMI significantly predicted
their parents’ feeding practices, even after potentially confounding shared family effects were
taken into account. The findings of this study provide a new perspective on the nature of the
associations between parental feeding practices and child BMI.
Methods
Sample
Participants were drawn from the Twins Early Development Study (TEDS). Between 1994–1996
TEDS recruited over 15,000 twin pairs born in England and Wales, who have been assessed in
multiple waves across their development up until the present date. Despite some attrition, about
10,000 twin pairs still actively contribute to TEDS, providing genetic, cognitive, psychological
and behavioural data. TEDS participants and their families are representative of families in the
UK[36]. Written informed consent was obtained from parents prior to data collection. Project
approval was granted by King’s College London’s ethics committee for the Institute of Psychia-
try, Psychology and Neuroscience (05.Q0706/228). This study included 4,445 unrelated individ-
uals with genotyping for the GPS analysis, 2,164 genotyped dizygotic (DZ) twin pairs (1,151
same-sex DZ pairs, 1,013 opposite-sex DZ pairs), and 4,375 twin pairs for the twin analysis
(1,636 monozygotic (MZ) pairs, 1,441 same-sex DZ pairs, and 1,298 opposite-sex DZ pairs).
Genotyping
Two different genotyping platforms were used because genotyping was undertaken in two sep-
arate waves, five years apart. AffymetrixGeneChip 6.0 SNP arrays were used to genotype 3,665
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individuals at Affymetrix, Santa Clara (California, USA) based on buccal cell DNA samples.
Genotypes were generated at the Wellcome Trust Sanger Institute (Hinxton, UK) as part of
the Wellcome Trust Case Control Consortium 2 (https://www.wtccc.org.uk/ccc2/). Addition-
ally, 8,122 individuals (including 3,607 dizygotic co-twin samples) were genotyped on Huma-
nOmniExpressExome-8v1.2 arrays at the Molecular Genetics Laboratories of the Medical
Research Council Social, Genetic Developmental Psychiatry Centre, using DNA that was
extracted from saliva samples. After quality control, 635,269 SNPs remained for Affymetrix-
GeneChip 6.0 genotypes, and 559,772 SNPs for HumanOmniExpressExome genotypes.
Genotypes from the two platforms were separately phased using EAGLE2[37], and imputed
into the Haplotype Reference Consortium (release 1.1) through the Sanger Imputation Service
[38] before merging genotype data from both platforms. Genotypes from a total of 10,346 sam-
ples (including 3,320 dizygotic twin pairs and 7,026 unrelated individuals) passed quality con-
trol, including 3,057 individuals genotyped on Affymetrix and 7,289 individuals genotyped on
Illumina. The final data contained 7,363,646 genotyped or well imputed SNPs (for more
details, see Supplementary S1 Methods).
We performed principal component analysis on a subset of 39,353 common (MAF > 5%),
perfectly imputed (info = 1) autosomal SNPs, after stringent pruning to remove markers in
linkage disequilibrium (r2 > 0.1) and excluding high linkage disequilibrium genomic regions
so as to ensure that only genome-wide effects were detected.
Phenotypic measures
The samples used for the analyses differed by necessity in order to accommodate the different
methodological approaches: unrelated genotyped individuals (UG); dizygotic genotyped co-
twins (DG); twin sample (TS) for quantitative genetic analysis. For the classical twin model
approach, only phenotypic data from genotyped twins and their co-twins were selected for
comparability across the study samples. Descriptive statistics for all phenotypic measures are
reported in Supplementary S4A Table for unrelated genotyped individuals, in Supplementary
S4B Table for genotyped DZ twin pairs and in Supplementary S4C Table for samples used for
twin modelling.
Children’s body mass index (BMI) was calculated from parent-reported weight (kg) divided
by the square of parent-reported height (metres): kg/m2. The 1990 UK growth reference data
[39] were used to create BMI standard deviation scores (BMI-SDS) which take account of the
child’s age and sex, and represent the difference between a child’s BMI and the mean BMI of
the reference children of the same age and sex. BMI-SDS are used rather than BMI itself
because BMI varies substantially by age and sex until early adulthood. Reference BMI-SDS
have a mean of 0 and a SD of 1: a value greater than 0 indicates a higher BMI than the mean in
1990; a value less than 0 indicates a lower BMI than the mean in 1990. The validity of parent-
reported height and weight was tested through home-visits of researchers in a subset of 228
families. Correlations between measurements taken by parents and researchers were high
(height: r = 0.90; weight: r = 0.83)[40]. BMI-SDS were available for 4,259 (UG), 4,134 (DG),
and 8,406 (TS) individuals. Children had a mean age of 9.91 years (SD = 0.87) when anthropo-
metric measures were assessed.
Parental BMI was calculated for 4,112 individuals using self-reported weight (kg) and
height (metres) of the responding parent (kg/m2), which was assessed at the same time as
childhood height and weight. To account for the gender of the responding parent (97% moth-
ers, 3% fathers), we used the z-standardized residuals of gender-corrected BMI in analyses.
To assess PFPs, we used the Child Feeding Questionnaire[41], which parents completed
when their twins were approximately 10 years old (mean = 9.91 years, SD = 0.87). To measure
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the degree to which parents restricted their children’s food intake (‘restriction’), we calculated
a mean composite score based on 6 items (Cronbach’s alpha = 0.78), such as “I intentionally
keep some foods out of my child’s reach“, or “If I did not guide my child’s eating, he/she
would eat too many junk foods”. Data were available for 4,386 (UG), 4,228 (DG) and 8,582
(TS) children. Similarly, we created a mean composite score to assess the amount of pressure
parents exerted on their children to increase their food intake (‘pressure’), including 4 items
(Cronbach’s alpha = 0.61) such as “If my child says “I’m not hungry”, I try to get him/her to
eat anyway”, or “I have to be especially careful to make sure my child eats enough”. Data were
available for 4,445 (UG), 4,328 (DG) and 8,750 (TS) children. All items were scored on a
5-point Likert scale (Disagree, Slightly disagree, Neutral, Slightly agree, Agree).
Phenotypic exclusions
For child and parent anthropometrics we removed extreme outliers with implausible values
that were deemed to be errors. For children we excluded values based on the following criteria:
-/+ 5 standard deviations above or below the mean of height SDS, weight SDS or BMI-SDS;
shorter than 105 cm or taller than 180cm; lighter than 12 kg or heavier than 80 kg. After
removing outliers, child BMI-SDS had a mean of 0 and a standard deviation of 0.99, showing
that the sample is representative of the UK reference population for BMI in 1990 (mean = 0;
SD = 1). For parental BMI, we removed individuals with values that fell -/+ 3.5 standard devia-
tions above or below the mean, as well as individuals that weighed below 35 kg. To account for
the positive skew, we log transformed this variable. As all variables showed age or sex effects
(described in Supplementary S4A, S4B and S4C Table), we controlled for these variables by
applying the regression method, using z-standardized residuals for all further analyses. Supple-
mentary S5A, S5B and S5C Table show descriptive statistics for all clean measures (regressed
onto age and sex) in unrelated samples, for DZ twin pair samples, and individuals used for
twin modelling, respectively.
Genotypic measures
We created Genome-wide Polygenic Scores (GPS) for BMI, using summary statistics from a
genome-wide meta-analysis of BMI including 339,224 participants[19]. We calculated a GPS





where i 2 {1,2,..,k} and indexes SNPi and the i number of the k BMI increasing alleles included
in the score is determined by the p-value threshold of the SNP–phenotype association in the
discovery GWAS, the β-coefficients for each respective genetic variant is used as a weight, and
the count of each reference allele is represented by genotype dosage (0,1, or 2 alleles) of SNPi.
We used the software PRSice[42] to calculate GPS in our sample. To account for multicolli-
nearity among SNPs in Linkage Disequilibrium (LD), which can upwardly bias GPS predic-
tions[43], genome-wide clumping was performed (r2 = 0.1, kb = 250). Using the clumped,
independent SNPs, we created eight GPS for 10,346 individuals (7,026 unrelated individuals;
3,320 DZ twin pairs) using increasingly liberal GWAS p-value thresholds (pT: 0.001,0.05,
0.1,0.2,0.3,0.4,0.5,1). Diagonals in Supplementary S2 Fig show the number of SNPs included in
each respective GPS. As all thresholds performed similarly well (Supplementary S2 Fig), we
used a GPS based on the smallest p-value threshold of 0.001 for all further analyses. Potential
effects due to population stratification and genotyping were accounted for by regressing the
first ten principal components, and factors capturing genotyping information (microarray,
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batch and plate) onto the child BMI GPS, subsequently using the z-standardised residuals in
our analyses.
Statistical analysis: Genome-wide polygenic score (GPS) analyses
Trait prediction in unrelated samples. Associations between child BMI GPS and pheno-
types were assessed using linear regression analyses. All variables were standardised prior to
analyses, therefore β coefficients from linear regression models are equivalent to Pearson’s cor-
relation coefficients.
Within-family analyses: Accounting for family effects in unrelated samples and DZ
twin pairs. Children not only inherit half of each of their parent’s DNA, but also the family
environment. Therefore, it is possible that familial effects, both genetic and environmental,
confound the relationships between child GPS and PFPs. To account for these potential con-
founding effects, we used two approaches. Firstly, we removed variance in the PFPs (restric-
tion, pressure) explained by parental BMI in our sample of unrelated individuals using the
regression method, and repeated association analyses. Secondly, we used data on genotyped
DZ twin pairs to explicitly model the effect of within-DZ twin pair GPS differences on differ-
ences in PFPs by accounting for the family contributions in a fixed-effects model:
Yij ¼ aj þ bGPSij þ eij;
where i 2 {1,2} indexes the individuals of the dizygotic twin pairs, and j 2 {1,2,..,k} indexes the
k families (i.e. sets of dizygotic twin pairs). Thus, Yij is the trait value for the ith individual of
the jth family, αj is a vector including the (fixed) family effects, β is the effect of the GPS within
families, eij is the random error for each individual and each family with eij ~ N(0,σ2), and Cov
(αj, eij) = 0. The family units were coded using dummy variables in order to estimate the αj
effects. By accounting for the differences in contributing factors between families via αj, this
model tests for the effect of differences in GPS values between DZ twins on the outcome and
therefore assesses the impact of GPS with shared genetic and shared environmental factors
accounted for. The within-family associations indicate the extent to which parents vary their
‘restriction’ or ‘pressure’ in response to differences in their twins’ BMI GPS. A larger associa-
tion indicates that the greater the difference between twin pairs’ BMI GPS, the greater the dif-
ference in parental ‘restriction’ or ‘pressure’ across two twins in a pair. We applied fixed-
effects models to our combined DZ data, and repeated these analyses using same-sex DZ pairs
and opposite-sex DZ samples only.
Statistical analysis: Twin modelling
To obtain broad estimates of the extent to which individual differences in PFPs are determined
by children’s genotypes, we used a multivariate ‘correlated factors’ twin model. This allowed
us to estimate: (1) the heritability of PFPs, which provided an indication of the extent to which
PFPs are caused by children’s genotypes in general; and (2) the extent of common genetic
influence on both child BMI-SDS and PFPs, which provided an indication of the extent to
which PFPs are caused by children’s genetic propensity to higher or lower BMI, specifically.
Based on biometrical genetics theory[44], it is possible to decompose variance in a single
trait into three components: additive genetic (A; heritability), shared environmental (C; all
environmental effects that make family members more similar) and non-shared environmen-
tal (E; all environmental effects that contribute to dissimilarities across family members,
including random error measurement). The basis of the method is to compare resemblance
for a single trait between monozygotic (MZ) and dizygotic (DZ) twin pairs, who share 100%
and 50% (on average) of their segregating genetic material, respectively, while both types of
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twins are correlated 100% for their shared environmental influence. The observed covariation
between MZ and DZ pairs is compared with the expected covariation, based on the knowledge
of different degrees of allele sharing (or identity by descent (IBD)) of MZ (IBD = 1.0) and DZ
pairs (IBD = 0.5 on average). The twin method therefore assumes that MZ and DZ twins share
their environments in terms of the trait in question to the same extent (so-called the ‘equal
environments assumption’), and the only difference between the two types of twins is the
extent of their genetic relatedness.
Using the same principles, comparison of MZ and DZ covariation across traits (so-called
cross-twin cross-trait covariance, e.g. the covariation between twin 1 BMI-SDS and twin 2
‘restriction’) provides an indication of the extent to which the genetic and environmental
influences on multiple traits are the same. The key pieces of information provided are the
aetiological correlations, which indicate the extent to which child BMI and PFPs are caused by
the same additive genetic (genetic correlation; rA), shared environmental (shared environmen-
tal correlation; rC), and non-shared environmental influences (non-shared environmental cor-
relation; rE). In this analysis we were primarily interested in the genetic correlation, which
indicates the extent to which the additive genetic influences on child BMI cause PFPs. The
aetiological correlations range from -1 to 1 and can be interpreted similarly to Pearson’s corre-
lations. For example, a high positive genetic correlation between ‘restriction’ and BMI would
indicate that many of the DNA variants that cause higher child BMI are the same as those
cause higher levels of ‘restriction’, while a high negative genetic correlation would indicate that
many of the DNA variants causing higher child BMI are the same as those causing lower levels
of ‘restriction’.
Maximum likelihood structural equation modelling was used to estimate intra-class corre-
lations across the zygosities, the A, C and E parameter estimates and aetiological correlations
(with 95% confidence intervals), and goodness-of-fit statistics. Sex differences in the parameter
estimates were also tested for using a sex-limitation model. Analyses were implemented in the
R package OpenMx[45].
Monozygotic twin discordance analysis. MZ twins share 100% of their genotypic infor-
mation and grow up in the same family, suggesting that phenotypic differences that are not
due to measurement error are caused by non-shared environmental influences; because they
cannot be explained by genetic or shared environment differences[46]. In order to identify
non-shared environmental sources of PFP in relation to child BMI, we calculated within MZ
pair difference scores for child BMI-SDS, ‘restriction’ and ‘pressure’ for all MZ pairs by sub-
tracting the variable score for twin 2 from the variable score of twin 1 (for variable distribu-
tions and descriptive statistics, see Supplementary S2 Fig). Therefore, the twin difference score
is evaluated in respect to twin 1 (e.g. a positive value indicates that twin 1 has a higher value
than twin 2). We applied linear regression analysis to identify whether within MZ twin pair
differences in BMI-SDS predicted MZ twin differences in PFPs.
Supporting information
S1 Methods. Genotyping and quality control.
(DOCX)
S1 Table. Fit statistics for the multivariate model including child BMI SDS, parental pres-
sure and parental restriction. ep = estimated parameters; -2LL = -2 log likelihood;
df = degrees of freedom; AIC = Akaike Information Criterion. An ACE model without scalar
(no sex-limitation) provided best fit.
(XLSX)
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S2 Table. Twin intra-class correlations by sex and zygosity groups. ACE estimates are based
on no sex-limitation models. 95% confidence intervals are shown in square brackets.
(XLSX)
S3 Table. Phenotypic, genetic, shared environmental, non-shared environmental correla-
tions and 95% confidence intervals. rP = Phenotypic correlation; rA = genetic correlation;
rC = shared environmental correlation; rE = non-shared environmental correlation. All esti-
mates are based on maximum likelihood.
(XLSX)
S4 Table. Raw descriptive statistics of phenotypic measures in (a) genotyped unrelated
individuals, (b) genotyped DZ twins, (c) twins for twin modelling by zygosity.
S4A Table: Discrepancies in sample sizes between height and weight and their respective SD
scores is due to list wise deletion in the construction of SD scores due to missing age. F = F-sta-
tistic of ANOVA. R2 = Variance explained. S4B Table: The sample includes all DZ pairs (same
sex and opposite sex); the N includes the total number of individual DZs. Discrepancies in
sample sizes between height and weight and their respective SD scores is due to list wise dele-
tion in the construction of SD scores due to missing age. Twin pairs with incomplete data were
excluded. F = F-statistic of ANOVA (performed on one randomly selected twin per pair). R2 =
Variance explained. S4C Table: Means for phenotypic measures and standard deviations in
brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = opposite sex. Twin
pairs with incomplete data and missing information about zygosity were excluded, which
explains slight sample size deviations in comparison to unrelated genotyped samples. F-statis-
tics reported for sex, zygosity and sex�zygosity interaction. R2 = variance explained by sex,
zygosity and their interaction (ANOVA). All Tables: � = p<0.05; �� = p<0.01; ��� = p<0.001.
(XLSX)
S5 Table. Descriptive statistics of cleaned phenotypic measures (regressed onto age and
sex) in (a) genotyped unrelated individuals, (b) genotyped DZ twins, (c) twins for twin
modelling by zygosity.
S5A Table: Discrepancies in sample sizes between height and weight and their respective SD
scores is due to list wise deletion in the construction of SD scores due to missing age. F = F-sta-
tistic of ANOVA. R2 = Variance explained. S5B Table: The sample includes all DZ pairs (same
sex and opposite sex); the N includes the total number of individual DZs. Discrepancies in
sample sizes between height and weight and their respective SD scores is due to list wise dele-
tion in the construction of SD scores due to missing age. Twin pairs with incomplete data were
excluded. F = F-statistic of ANOVA (performed on one randomly selected twin per pair). R2 =
Variance explained. S5C Table: Means for phenotypic measures and standard deviations in
brackets. MZ = monozygotic; DZ = dizygotic; m = male; f = female; os = opposite sex. Twin
pairs with incomplete data and missing information about zygosity were excluded, which
explains slight sample size deviations in comparison to unrelated genotyped samples. F-statis-
tics reported for sex, zygosity and sex�zygosity interaction. R2 = variance explained by sex,
zygosity and their interaction (ANOVA). All Tables: � = p<0.05; �� = p<0.01; ��� = p<0.001.
(XLSX)
S1 Fig. MZ twin difference score distributions and descriptive statistics.
(TIF)
S2 Fig. Correlations across all GPS and phenotypic measures. Diagonals of Genome-wide
Polygenic Scores (GPS) show number of SNPs included in each respective score. � = p<0.05;
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�� = p<0.01; ��� = p<0.001.
(TIF)
Author Contributions
Conceptualization: Saskia Selzam, Robert Plomin, Clare H. Llewellyn.
Data curation: Saskia Selzam, Jonathan R. I. Coleman.
Formal analysis: Saskia Selzam.
Funding acquisition: Robert Plomin.
Investigation: Saskia Selzam, Robert Plomin, Clare H. Llewellyn.
Methodology: Saskia Selzam, Tom A. McAdams, Paul F. O’Reilly.
Project administration: Clare H. Llewellyn.
Supervision: Robert Plomin, Clare H. Llewellyn.
Visualization: Saskia Selzam.
Writing – original draft: Saskia Selzam, Clare H. Llewellyn.
Writing – review & editing: Saskia Selzam, Tom A. McAdams, Jonathan R. I. Coleman, Susan
Carnell, Paul F. O’Reilly, Robert Plomin, Clare H. Llewellyn.
References
1. Clark HR, Goyder E, Bissell P, Blank L, Peters J. How do parents’ child-feeding behaviours influence
child weight? Implications for childhood obesity policy. J Public Health. 2007 Jun 1; 29(2):132–41.
2. Golan M. Parents as agents of change in childhood obesity - from research to practice. Pediatric Obe-
sity. 2006 Jan 1; 1(2):66–76.
3. Lindsay AC, Sussner KM, Kim J, Gortmaker S. The role of parents in preventing childhood obesity.
Future Child. 2006 Apr 1; 16(1):169–86. PMID: 16532663
4. Birch LL, Fisher JO. Development of Eating Behaviors Among Children and Adolescents. Pediatrics.
American Academy of Pediatrics; 1998 Mar 1; 101(Supplement 2):539–49.
5. Birch LL, Fisher JO. Mothers’ child-feeding practices influence daughters’ eating and weight. Am J Clin
Nutr. 2000 May; 71(5):1054–61. https://doi.org/10.1093/ajcn/71.5.1054 PMID: 10799366
6. Batsell WR, Brown AS, Ansfield ME, Paschall GY. “You will eat all of that!”: A retrospective analysis of
forced consumption episodes. Appetite. 2002 Jun; 38(3):211–9. PMID: 12071687
7. Galloway AT, Fiorito LM, Francis LA, Birch LL. “Finish your soup”: Counterproductive effects of pressur-
ing children to eat on intake and affect. Appetite. 2006 May 1; 46(3):318–23. https://doi.org/10.1016/j.
appet.2006.01.019 PMID: 16626838
8. Shloim N, Edelson LR, Martin N, Hetherington MM. Parenting Styles, Feeding Styles, Feeding Prac-
tices, and Weight Status in 4–12 Year-Old Children: A Systematic Review of the Literature. Front Psy-
chol. 2015 Dec; 6:1849. https://doi.org/10.3389/fpsyg.2015.01849 PMID: 26696920
9. Afonso L, Lopes C, Severo M, Santos S, Real H, Durão C, et al. Bidirectional association between
parental child-feeding practices and body mass index at 4 and 7 y of age. Am J Clin Nutr. 2016 Feb 3;
103(3):861–7. https://doi.org/10.3945/ajcn.115.120824 PMID: 26843159
10. Derks IP, Tiemeier H, Sijbrands EJ, Nicholson JM, Voortman T, Verhulst FC, et al. Testing the direction
of effects between child body composition and restrictive feeding practices: results from a population-
based cohort. Am J Clin Nutr. 2017 Aug 9; 106(3):783–90. https://doi.org/10.3945/ajcn.117.156448
PMID: 28793987
11. Jansen PW, Tharner A, van der Ende J, Wake M, Raat H, Hofman A, et al. Feeding practices and child
weight: is the association bidirectional in preschool children? Am J Clin Nutr. 2014 Sep 3; 100(5):1329–
36. https://doi.org/10.3945/ajcn.114.088922 PMID: 25332330
12. Rhee KE, Coleman SM, Appugliese DP, Kaciroti NA, Corwyn RF, Davidson NS, et al. Maternal Feeding
Practices Become More Controlling After and Not Before Excessive Rates of Weight Gain. Obesity.
2009 Sep 1; 17(9):1724–9. https://doi.org/10.1038/oby.2009.54 PMID: 19282827
Gene-environment correlation in child feeding
PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007757 November 20, 2018 17 / 19
13. Webber L, Cooke L, Hill C, Wardle J. Child adiposity and maternal feeding practices a longitudinal anal-
ysis. Am J Clin Nutr. 2010 Sep 29; 92(6):1423–8. https://doi.org/10.3945/ajcn.2010.30112 PMID:
20881070
14. Elks CE, Hoed den M, Zhao JH, Sharp SJ, Wareham NJ, Loos RJF, et al. Variability in the heritability of
body mass index: a systematic review and meta-regression. Front Endocrinol. 2012 Feb 28; 3:29.
15. Silventoinen K, Jelenkovic A, Sund R, Hur Y-M, Yokoyama Y, Honda C, et al. Genetic and environmen-
tal effects on body mass index from infancy to the onset of adulthood: an individual-based pooled analy-
sis of 45 twin cohorts participating in the COllaborative project of Development of Anthropometrical
measures in Twins (CODATwins) study. Am J Clin Nutr. 2016 Jul 13; 104(2):371–9. https://doi.org/10.
3945/ajcn.116.130252 PMID: 27413137
16. Silventoinen K, Rokholm B, Kaprio J, Sørensen TIA. The genetic and environmental influences on child-
hood obesity: a systematic review of twin and adoption studies. International Journal of Obesity. 2010
Jan 1; 34(1):29–40. https://doi.org/10.1038/ijo.2009.177 PMID: 19752881
17. McGuire S. The Heritability of Parenting. Parenting: Science And Practice. 2003 Feb 1; 3(1):73–94.
18. Avinun R, Knafo A. Parenting as a Reaction Evoked by Children’s Genotype: A Meta-Analysis of Chil-
dren-as-Twins Studies. Personality and Social Psychology Review. 2014 Feb; 18(1):87–102. https://
doi.org/10.1177/1088868313498308 PMID: 23940232
19. Locke AE, Kahali B, Berndt SI, Justice AE, Pers TH, Day FR, et al. Genetic studies of body mass index
yield new insights for obesity biology. 2015 Feb; 518(7538):197–206.
20. Krapohl E, Euesden J, Zabaneh D, Pingault J-B, Rimfeld K, Stumm von S, et al. Phenome-wide analy-
sis of genome-wide polygenic scores. Molecular Psychiatry 2016 Sep; 21(9):1188–93. https://doi.org/
10.1038/mp.2015.126 PMID: 26303664
21. Knafo A, Plomin R. Parental discipline and affection and children’s prosocial behavior: genetic and envi-
ronmental links. J Pers Soc Psychol. 2006 Jan; 90(1):147–64. https://doi.org/10.1037/0022-3514.90.1.
147 PMID: 16448315
22. Daniels LA, Magarey A, Battistutta D, Nicholson JM, Farrell A, Davidson G, et al. The NOURISH rando-
mised control trial: Positive feeding practices and food preferences in early childhood—a primary pre-
vention program for childhood obesity. BMC Public Health. 2009 Dec 1; 9(1):387.
23. Magarey A, Mauch C, Mallan K, Perry R, Elovaris R, Meedeniya J, et al. Child Dietary and Eating
Behavior Outcomes up to 3.5 Years After an Early Feeding Intervention: The NOURISH RCT. Obesity.
2016 Jul; 24(7):1537–45. https://doi.org/10.1002/oby.21498 PMID: 27193736
24. Paul IM, Williams JS, Anzman-Frasca S, Beiler JS, Makova KD, Marini ME, et al. The Intervention
Nurses Start Infants Growing on Healthy Trajectories (INSIGHT) study. BMC Pediatr. 2014 Dec; 14
(1):184.
25. Llewellyn CH, van Jaarsveld CHM, Johnson L, Carnell S, Wardle J. Nature and nurture in infant appe-
tite: analysis of the Gemini twin birth cohort. Am J Clin Nutr. 2010 Mar 24; 91(5):1172–9. https://doi.org/
10.3945/ajcn.2009.28868 PMID: 20335548
26. Carnell S, Haworth CMA, Plomin R, Wardle J. Genetic influence on appetite in children. International
Journal of Obesity. 2008 Oct 1; 32(10):1468–73. https://doi.org/10.1038/ijo.2008.127 PMID: 18679413
27. Llewellyn CH, van Jaarsveld CH, Plomin R, Fisher A, Wardle J. Inherited behavioral susceptibility to adi-
posity in infancy: a multivariate genetic analysis of appetite and weight in the Gemini birth cohort. Am J
Clin Nutr. 2012 Jan 25; 95(3):633–9. https://doi.org/10.3945/ajcn.111.023671 PMID: 22277555
28. Llewellyn CH, Trzaskowski M, van Jaarsveld CHM, Plomin R, Wardle J. Satiety Mechanisms in Genetic
Risk of Obesity. JAMA Pediatr. American Medical Association; 2014 Apr 1; 168(4):338–44. https://doi.
org/10.1001/jamapediatrics.2013.4944 PMID: 24535189
29. Jansen PW, de Barse LM, Jaddoe VWV, Verhulst FC, Franco OH, Tiemeier H. Bi-directional associa-
tions between child fussy eating and parents’ pressure to eat: Who influences whom? Physiol Behav.
2017 Jul 1; 176:101–6. https://doi.org/10.1016/j.physbeh.2017.02.015 PMID: 28215424
30. Harris HA, Fildes A, Mallan KM, Llewellyn CH. Maternal feeding practices and fussy eating in toddler-
hood: a discordant twin analysis. International Journal of Behavioral Nutrition and Physical Activity.
2016 Dec 1; 13(1):81.
31. Savage JS, Birch LL, Marini M, Anzman-Frasca S, Paul IM. Effect of the INSIGHT Responsive Parent-
ing Intervention on Rapid Infant Weight Gain and Overweight Status at Age 1 Year A Randomized Clini-
cal Trial. JAMA Pediatr. American Medical Association; 2016 Aug 1; 170(8):742–9. https://doi.org/10.
1001/jamapediatrics.2016.0445 PMID: 27271455
32. Vaughn AE, Tabak RG, Bryant MJ, Ward DS. Measuring parent food practices: a systematic review of
existing measures and examination of instruments. International Journal of Behavioral Nutrition and
Physical Activity 2016 13:1. BioMed Central; 2013 Dec; 10(1):61.
Gene-environment correlation in child feeding
PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007757 November 20, 2018 18 / 19
33. Herle M, Fildes A, van Jaarsveld C, Rijsdijk F, Llewellyn CH. Parental Reports of Infant and Child Eating
Behaviors are not Affected by Their Beliefs About Their Twins’ Zygosity. Behav Genet. 2016 Nov 1; 46
(6):763–71. https://doi.org/10.1007/s10519-016-9798-y PMID: 27406596
34. Kong A, Thorleifsson G, Frigge ML, Vilhjalmsson BJ, Young AI, Thorgeirsson TE, et al. The nature of
nurture: Effects of parental genotypes. Science. 2018 Jan; 359(6374):424–8. https://doi.org/10.1126/
science.aan6877 PMID: 29371463
35. Hardy R, Wills AK, Wong A, Elks CE, Wareham NJ, Loos RJF, et al. Life course variations in the associ-
ations between FTO and MC4R gene variants and body size. Hum Mol Genet. 2009 Oct 31; 19(3):545–
52. https://doi.org/10.1093/hmg/ddp504 PMID: 19880856
36. Haworth CMA, Davis OSP, Plomin R. Twins Early Development Study (TEDS): A Genetically Sensitive
Investigation of Cognitive and Behavioral Development From Childhood to Young Adulthood. Twin Res
Hum Genet. 2013 Feb; 16(1):117–25. https://doi.org/10.1017/thg.2012.91 PMID: 23110994
37. Loh P-R, Danecek P, Palamara PF, Fuchsberger C, A Reshef Y, K Finucane H, et al. Reference-based
phasing using the Haplotype Reference Consortium panel. Nat Genet. 2016 Nov; 48(11):1443–8.
https://doi.org/10.1038/ng.3679 PMID: 27694958
38. McCarthy S, Das S, Kretzschmar W, Delaneau O, Wood AR, Teumer A, et al. A reference panel of
64,976 haplotypes for genotype imputation. Nat Genet. 2016 Oct; 48(10):1279–83. https://doi.org/10.
1038/ng.3643 PMID: 27548312
39. Cole TJ, Freeman JV, Preece MA. Body mass index reference curves for the UK, 1990. Archives of Dis-
ease in Childhood. 1995 Jul 1; 73(1):25–9. PMID: 7639544
40. Wardle J, Carnell S, Haworth CMA, Plomin R. Evidence for a strong genetic influence on childhood adi-
posity despite the force of the obesogenic environment. Am J Clin Nutr. 2008 Feb 1; 87(2):398–404.
PMID: 18258631
41. Birch LL, Fisher JO, Grimm-Thomas K, Markey CN, Sawyer R, Johnson SL. Confirmatory factor analy-
sis of the Child Feeding Questionnaire: a measure of parental attitudes, beliefs and practices about
child feeding and obesity proneness. Appetite. 2001 Jun 1; 36(3):201–10. PMID: 11358344
42. Euesden J, Lewis CM, O’Reilly PF. PRSice: Polygenic Risk Score software. Bioinformatics. 2014 Dec
29; 31(9):1466–8. https://doi.org/10.1093/bioinformatics/btu848 PMID: 25550326
43. Palla L, Dudbridge F. A Fast Method that Uses Polygenic Scores to Estimate the Variance Explained by
Genome-wide Marker Panels and the Proportion of Variants Affecting a Trait. Am J Hum Genet. 2015
Aug 6; 97(2):250–9. https://doi.org/10.1016/j.ajhg.2015.06.005 PMID: 26189816
44. Mather K, Jinks JL. Introduction to biometrical genetics. London: Chapman and Hall; 1977.
45. Boker S, Neale M, Maes H, Wilde M, Spiegel M, Brick T, et al. OpenMx: An Open Source Extended
Structural Equation Modeling Framework. Psychometrika. 2011 Apr 1; 76(2):306–17. https://doi.org/10.
1007/s11336-010-9200-6 PMID: 23258944
46. Pike A, Reiss D, Hetherington EM, Plomin R. Using MZ Differences in the Search for Nonshared Envi-
ronmental Effects. J Child Psychol Psychiatry. 1996 Sep; 37(6):695–704. PMID: 8894950
Gene-environment correlation in child feeding
PLOS Genetics | https://doi.org/10.1371/journal.pgen.1007757 November 20, 2018 19 / 19
